genomics for knowledge-based weed management? 24
INTRODUCTION
Ipomoea purpurea is currently one of the most problematic agricultural weeds (Webster 139 & Nichols, 2012) and is capable of infestations leading to substantial decline in crop (closely 140 related Ipomoea species cause declines of up to 80% of crop yield; Rogers, Murray, Verhalen, & 141 Claypool, 1996) . This species exhibits resistance to the commonly used herbicide glyphosate 142 (Baucom & Mauricio, 2004 , 2008 ), although the exact resistance level varies widely among 143 populations of this species (Kuester et al., 2015) . This species is also a major concern for 144 conservation given its naturalization in multiple regions throughout the world and its 145 aggressiveness as an invasive (Chaney & Baucom, 2012; Fang et al., 2013) . Hence, unraveling 146 the population structure of this species and how it is affected by the landscape should not only 147 improve our understanding of basic evolutionary processes, but should also inform practical 148 decisions for its management and control (e.g., Is herbicide resistance better controlled by 149 avoiding the spread of resistance genotypes or by local management of moderately isolated 150
populations?). 151 152

Data compilation 153
To capture the plausible effect of both natural and disturbed landscapes on structuring genetic 154 diversity in I. purpurea, we compiled a diverse set of GIS data for the continental US from a 155 variety of sources (Table S1 ). These data encapsulate human activities (human population 156 density, landcover, planted crops, and roads) as well as the geographical setting of I. purpureaand climate; Eberhardt & Teal, 2013) . We first processed all these data into landscape layers at a 163 common spatial resolution of 10km 2 and a common spatial extent around the US states with 164 available samples (Fig. 1) . These spatial resolution and extent were chosen to maintain a practical 165 balance between scale and analytical manageability given available computational resources. To 166 reduce dimensionality, we opted to perform two separate Principal Component Analyses (PCAs) 167 on the 19 climatic and 8 soil layers, respectively. For all subsequent analyses we kept the 168 resulting first two principal components of each of these analyses, which accounted for over 78% 169 of the variance in each case, and primarily summarized temperature temporal gradients and 170 precipitation seasonality, and soils' pH, sandiness, and grain size, respectively (Table S2) . Table S3) . 178
All individuals were collected in 2012 from farms across the range of I. purpurea in the United 179
Sates (Kuester et al., 2015) . In addition, to obtain a more comprehensive representation of the 180 genome of I. purpurea and assess the robustness of results in light of coalescent and mutational 181 variance (Nielsen & Slatkin, 2013) , we generated a Next Generation Sequencing (NGS) dataset 182 from an additional set of individuals (from 6 localities represented in the SSR dataset, plus 2 183 additional localities in close geographic proximity to localities in the SSR dataset; Fig. 1) . 184
To generate the NGS dataset, we constructed genome-wide Genotype By Sequencing (GBS) 186 libraries for 80 individuals sampled across the 8 localities. The GBS library was developed using 187 7ng of genomic DNA, extracted from leaf or cotyledon tissue, using SNPsaurus' (Oregon, USA) 188 nextRAD technology. This technology uses a selective PCR primer to amplify consistent 189 genomic loci among individuals. Similarly to RAD-Seq sequences (Rowe, Renaut, & 190 Guggisberg, 2011) in which the DNA flanking a restriction enzyme cut site is selected for 191 amplification, nextRAD amplifies sequences that correspond to the DNA downstream of a short 192 selective priming site. Samples were first fragmented and then ligated to short adapter and 193 barcode sequences using a partial Nextera reaction (Illumina; California, USA) before being 194 amplified using Phusion® Hot Start Flex DNA Polymerase (New England Biolabs; 195
Massachusetts, USA). The 80 dual-barcoded PCR-amplified samples were pooled and the 196 resulting libraries were purified using AMPure XP beads (Agencourt Bioscience Corporation; 197 Massachusetts, USA) at 0.7x. The purified library was then size selected to 350-800 base pairs 198 and sequenced using two runs of an Illumina NextSeq500 sequencer (Genomics Core Facility, 199
University of Oregon). 200 201
The resulting sequences were analytically processed using the SNPsaurus nextRAD pipeline 202 (SNPsaurus, Oregon, USA; Siliceo-Cantero, García, Reynolds, Pacheco, & Lister, 2016). 203
Specifically, reads of 16 randomly selected individuals (of the 80 sequenced) were combined to 204 create a pseudo-reference genome. This was done after removing loci with read counts above 205 20,000, which presumably corresponded to repetitive genomic material, and loci with read counts 206 below 100, which presumably corresponded to off-target or read errors. The filtered reads were 207 aligned to each other using BBMap (Bushnell, 2016) . All parameters were set to default values 208 with the exception of minimum alignment identity, which was set to 0.93 to identify alleles, as it 209 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/054122 doi: bioRxiv preprint first posted online May. 18, 2016;  is a threshold found to work well for non-reference species (SNPsaurus, Oregon, USA). A single 210 read instance was chosen to represent the locus in the pseudo-reference. This resulted in a total of 211 263,658 loci. All reads from each of the 80 individuals were then aligned to the pseudo-reference 212 using BBMap (Bushnell, 2016 ) and converted to a vcf genotype table, using Samtools (Li et al., 213
2009) and bcftools (Li, 2011), after filtering out nucleotides with a quality score of 10 or worse 214
(an empirically informed threshold; SNPsaurus, Oregon, USA). The resulting vcf table was 215 filtered using vcftools (Danecek et al., 2011) for SNPs with a minimum allele frequency of 0.02, 216 a minimum read depth of 5, and a maximum 15% of missing data. We chose this filtering scheme 217 as a balance between accuracy and efficiency and to avoid inadvertent errors associated with our 218 use of a pseudo-reference genome. This resulted in 9774 variable regions. Loci were further 219 filtered using vcftools to exclude loci with less than 5 high quality base-calls and with more than 220 20% missing data or an average of less than 20 high quality base calls. This resulted in a final 221 panel of 8210 Single Nucleotide Polymorphisms (SNPs) that we used in all subsequent analyses. 222
223
Population structure analyses 224
We first conducted a series of preliminary analyses to characterize the overall genetic 225 structure of I. purpurea. All analyses were run separately for the microsatellite (SSR, hereafter) 226
and SNP datasets given their intrinsic differences and distinct geographic coverage ( Fig. 1 ; Table  227 S3). In addition, we repeated all population structure analyses, separate for the SSR and SNP 228 datasets, for the subset of 6 localities with coincident data for both markers (referred as SSRc and 229 SNPc, hereafter) to assess the robustness of results to the difference in geographic coverage. 
dataset, we opted to report F ST values only to allow direct comparisons with the SNP dataset). We 234 then estimated contemporary effective population size for each sampled locality in NeEstimator 235 v2 using the excess heterozygous method (Do et al., 2014). We performed this latter analysis to 236 assess the possibility of whether differences in local population size underlie differences in 237 genetic variation (Weckworth et al., 2013) and/or promote asymmetric effective migration rate 238 (Nm). 239
240
In addition, we assessed population admixture and spatial genetic clustering using TESS 241 these AMOVAs either partitioning the variance into regions based on the spatial genetic clusters 249 previously identified by TESS-to quantify the fraction of the genetic variance explained by 250 these clusters, or leaving it ungrouped (i.e., no regions), for comparison. 251 252 Additionally, we investigated population connectivity by estimating levels of recent 253 migration between sampled localities through the identification of individuals of mixed ancestry 254 using BayesAss (Wilson & Rannala, 2003 ran BayesAss for 6 million generations using default parameter settings, and discarded the first 258 two million generations as burn-in (Dyer, 2009 ). For each marker dataset, we repeated this 259 analysis three times (for a total of 18 million generations) and combined the results from the three 260 replicates for our final inference. Then, using a posterior probability cut-off of 0.75 we assign 261 individuals' ancestry. We chose this cut-off value as a minimum credibility score to 262 simultaneously maximize sample size and reliability (stringer thresholds show similar differences 263 between marker sets; results not shown). It is important to note that because of computational 264 limits we had to randomly subsample our set of SNPs to 400 SNPs for this analysis. The same 265 subsampled set was used for the full and reduced (i.e., on the SSRc and SNPc datasets) analyses. 266
267
Landscape genetics analyses 268
After assessing overall population structure of I. purpurea, we evaluated the association 269 between landscape features and genetic differentiation based on the full datasets. We limited our 270 analyses to the full datasets because of the robust genetic structure recovered between the full and 271 reduced datasets (see below) and the smaller sample size of the latter datasets, which limits 272 statistical inference power. First, we estimated conditional genetic distances (Dyer, Nason, & 273 Garrick, 2010) using GeneticStudio (Dyer, 2009 ). Briefly, conditional distances are measures of 274 pairwise genetic distance derived from population networks, constructed based on the degree of 275 genetic similarity between sampled localities (Dyer & Nason, 2004) . Because these networks are 276 pruned based on the principle of conditional independence of the total among population genetic 277 covariance (using an edge deviance principle; Magwene, 2001), conditional distances reflect 278 genetic similarity between localities that better capture direct gene flow as opposed to 279 connectivity driven by intervening localities (Dyer, 2015b 2001), whereas the congruence between networks derived from different marker sets was 282 measured by their structural congruence (a measure of wether the number of congruent edges 283 between networks is greater than expected by chance) (Dyer, 2009) . 284
285
Climate, crops, elevation, landcover, population density, roads, and soils landscape layers 286 (Table S1 ) were converted into landscape resistance layers by assigning a resistance value to each 287 landscape feature in these layers to reflect the difficulty that each feature offers to the movement 288 of gametes or individuals. It is important to note that in contrast to previous studies that typically 289 rely on expert opinion for resistance assignment, we utilized an unbiased statistical optimization 290 to avoid the sensitivity of results to subjective resistance assignment (Spear, Balkenhol, Fortin, 291
McRae, & Scribner, 2010). Specifically, resistance values were optimized through a genetic 292 algorithm approach (Mitchell, 1996) . Briefly, in this search algorithm a population of individuals The set of preliminary genetic analyses indicated that I. purpurea sampled localities were 329 in no major violation of Hardy-Weinberg equilibrium, as judged by the small difference between 330 expected and observed heterozygosity (mean He = 0.294±0.014 and 0.250±0.001; mean Ho = 331 0.291±0.009 and 0.260±0.001, respectively for SSR and SNP datasets). Levels of expected and 332 observed heterozygosity for the SSR dataset were only slightly greater than those estimated for 333 the SNP dataset. Likewise, the estimated mean effective population size per sampled locality was 334 only slightly greater and more variable for the SSR dataset than for the SNP dataset (13.71±5.59, 335 9.49±0.13, respectively), but in neither case was there salient evidence of a plausible source-sink 336 estimates between the SSRc and SNPc estimates were found (Table S4) . Further confirming the 342 limited spatial structure in this species, spatial genetic clusters identified by the best TESS model 343 (Fig. S2 ) explained less than 13% of the variance across datasets, and barely reduced the variance 344 explained solely by geographic location when compared to a null model with no regions assigned 345 (Tables 1, S5) . 346
347
Despite these similarities between the SSR and SNP datasets, the underlying genetic 348 structure was markedly different. Estimates of recent ancestry differed between SSR and SNP 349 datasets. The analysis on the SSR dataset indicated that migration among localities is more 350 widespread and hardly geographically constrained, with only four localities being primarily 351 constituted of native individuals (Fig. 2a) . Across localities, on average 73.65% of individuals 352 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/054122 doi: bioRxiv preprint first posted online May. 18, 2016;  were inferred to be 1st or 2nd generation immigrants (it is important to note, however, that such 353 high migration rate surpasses the assumptions of the method, and hence they should be taken 354 cautiously). On the other hand, the analysis of the SNP dataset showed that most populations 355 have a much more limited number of recent immigrants, and that the relatively few inferred 356 immigrants (on average 27.42% of individuals) did not come exclusively from geographically 357 proximate localities (Fig. 2d) . Accordingly, SSR and SNP pruned conditional genetic networks 358 strong admixture was recovered in the SSR dataset, whereas minimal admixture was identified in 362 the SNP dataset (Fig. 2c,f) . As before, these differences were consistent when analyzing the 363 SSRc and SNPc datasets. The SNPc dataset was characterized by a smaller percentage of recent 364 immigrants (28.25%) than the SSRc dataset (44.93%) (Fig. S3a,d) , and the corresponding genetic 365 networks were also clearly different from each other (structural congruence = 0.002)-with the 366 SSR-based network being more connected (and vertex connectivity = 2) than the SNPc-base 367 network (i.e., vertex connectivity = 0)- (Fig. S3b,e) . Finally, as for the full data, a more admixed 368 genetic composition of individuals was recovered in the SSRc dataset than in the SNPc dataset 369 (Fig. S3c,f) . 370 371
Landscape genetics 372
Unsurprisingly, given the distinct underlying genetic patterns between SSR and SNP 373 datasets (see above), the optimization of landscape resistance layers resulted in different 374 resistance optimization solutions for each dataset (Fig. S4) . It is important to note, however, that 375 a formal comparison is unwarranted as the associations recovered are statistical associations 376 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/054122 doi: bioRxiv preprint first posted online May. 18, 2016;  driven by the fit of the resistance parameterization to the data under the statistical model 377 implemented (Martínez-Abraín, 2008). While these associations are expected to recapitulate real 378 biological properties of the study system, they are constrained to the data at hand. Nonetheless, 379 association patterns that are robust to the data used are expected to better reflect the actual impact 380 that landscape features have on gene flow, independently of possible biases introduced by expert 381 opinion. Therefore, we focus below on the common biological findings between marker types, 382 while also denoting the most relevant differences. Such differences likely reflect not only the 383 different environmental ranges covered by each dataset (Fig. 1) , but most importantly, the 384 particular population genetic structure underlying each dataset (Fig. 2) . 385
386
In spite of the distinct underlying genetic structure, there were some landscape features 387 that showed consistent inferred conductance to migration between datasets (Fig. S5) . For 388 example, a tendency towards greater landscape conductivity in relatively warm and precipitation-389 seasonal areas was observed in both datasets along with a steep decline in connectivity towards 390 areas with the greatest temperatures and precipitation-seasonality values in the study area (Fig.  391   S5) . Likewise, cotton-dominated areas were recovered as substantially more permeable landscape 392 features than areas dominated by soybean fields, evergreen forests, open shrublands, and 393 grasslands (Fig. S5) . Furthermore, both datasets pointed towards human-impacted landscapes 394
playing an important role in shaping genetic connectivity in this species. While in both sets of 395 MLPE.lmm models, null (geographic distance), natural (climate, elevation, and soils), and 396 human-related landscapes (landcover and human population density) were identified as 397 significant (hereafter, 0.01<p<=0.05 after correction for multiple testing) or marginally 398 significant predictors (hereafter, p<=0.01 after correction for multiple testing) of genetic 399 similarity between localities, the variable with the greatest association coefficient and lowest 400 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/054122 doi: bioRxiv preprint first posted online May. 18, 2016; AICc value in these models was in both cases a variable closely linked to human presence 401 (landcover in the SSR dataset, and human population density in the SNP dataset; and effective population size, temperature was also recovered as a significant predictor of genetic 418 dissimilarity across most analyses for the SSR dataset but not for the SNP dataset (Table 2) . 419
420
DISCUSSION 421
The results suggest that broadly distributed populations of I. purpurea are partially 422 genetically distinct (more so when analyzing the SNP dataset), although there is some indication 423 of long-distance and putatively human-mediated migration between localities-as suggested by 424
the recovered association between human population density and genetic similarity. The levels of 425 differentiation observed and inferred long-distance migration strongly contrast with this species' 426 patchy distribution, which is tightly linked to isolated agricultural patches that are surrounded by 427
suggests that the local agricultural matrix does not seem to have an overarching impact on the 432 connectivity in this species at the landscape level-albeit it likely influences connectivity at the 433 small spatial scales. Instead, climate and human population density were robustly recovered as 434 predictors of genetic connectivity in this species across datasets and analyses. Of these landscape 435 variables, climate has a stronger effect, as judged by its greater MRDM coefficient. Of note, 436 temperature (summarized by climate PC1) was recovered as marginally significant only when 437 considering the SSR dataset, which is the only dataset that covers the northern portion of the 438 range, whereas precipitation seasonality (summarized by climate PC2) was recovered as 439 marginally significant only in the SNP dataset. Otherwise, population density was the only 440 variable across datasets with a marginally significant effect-even after accounting for multiple 441
tests. In addition, local effective population size was found to be a significant predictor only after 442 accounting for all landscape variables, suggesting a plausible superseding effect of genetic drift 443 
The results also highlight how inferences about population structure and patterns of 450 connectivity may be dataset-dependent, with marked differences becoming apparent only after 451 careful dissection of roughly similar F ST and heterozygosity estimates across molecular markers. 452
Such differences cannot be attributed to the more widespread samples of our SSR dataset, as our 453 findings were robust to subsampling this dataset to match the available SNP samples (see 454
Supporting Information). This represents a rather unexpected finding as both the overall 455 population structure and the influence of landscape features on population connectivity should be 456 inherent species properties and no marker specific realizations of common underlying biological 457 processes (but see below). Next, we detail each of these novel findings and place them in the 458 context of agricultural weed movement across the landscape, invasive species, and landscape 459 genetics practice. 460
461
Human impact 462
Given that I. purpurea is a naturalized species in the United States that is found primarily 463 2004), this finding is not as straightforward as it seems. In particular, the fact that human 469 population density is recovered as an informative predictor throughout the entire sampled 470 distribution-even after accounting for climate and landcover variation, highlights the direct 471 influence that humans most likely have on structuring the populations of this species and helps to 472 an appreciated horticultural species (Fang et al., 2013) , and that, given current agricultural 490 practices, crop seed contamination is unlikely to be a major factor (Economic Research Service, 491 1998), it is probable that ornamentals' trade between population centers may help explain both 492 the long distance dispersal events recovered in both datasets and the overall population structure. 
genetic patterns recovered as changes in the pollinators community would have strong effects on 497 gene flow (Jha & Kremen, 2013) . 498
499
In reality a combination of all these factors may be involved. While further analyses are 500 needed to elucidate the ultimate causes behind the recovered association between human 501 population density and genetic dissimilarity in I. purpurea, our findings bring much needed 502 insight to limit the spread of this noxious weed. Our findings are not only relevant to I. purpurea 503 and to the evolution of herbicide resistance in this species (i.e., is herbicide resistance evolving 504 independently across populations or is it being disseminated through human-aided migration?), 505 but also have important implications for other weeds of agricultural concern as well as other 506 
SSR-vs. SNP-based inferences 517
The unique patterns observed for each marker offer the opportunity to explore the underlying 518 causes for such differences and hence a more in-depth understanding of the plausible landscape 519 influences on species' genetic structure. For instance, an important consideration in any 520 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/054122 doi: bioRxiv preprint first posted online May. 18, 2016; landscape genetics study, including this one, is the spatial distribution of samples and spatial 521 scale of environmental data (Wang & Bradburd, 2014) , as it can strongly impact the associations 522 recovered. It is thus theoretically possible that the particular geographic sampling of each dataset 523 exclusively drives the differences in genetic structure recovered by the two markers. Yet, the 524 robust differences that we report between the localities and regions common to both datasets 525 (SSRc and SNPc subsampled datasets; see Supporting Information) renders this possibility highly 526 unlikely and suggest that our results are at least moderately robust to sample distribution. Still, it 527 is important to recognize that all our datasets contain sets of spatially clustered samples, partially 528 in reflection of the also spatially cluster distribution of agricultural fields (Ramankutty, Evan, 529 expected to be more likely to recover signatures of population differentiation using the faster 544 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/054122 doi: bioRxiv preprint first posted online May. 18, 2016;  evolving SSR loci. This is true even considering the total number of loci on each dataset (15 SSR 545 loci vs. 8210 SNP loci) (Selkoe & Toonen, 2006 ). Yet, our results are in contrast with this 546 theoretical expectation as we recovered weaker population structure using the faster evolving 547 SSR loci than using SNP loci. It is still possible that the greater number of expected mutations for 548 SSR loci, which increase the opportunities for homoplasy (Garza & Freimer, 1996) , may explain 549 the lower degree of population differentiation in this dataset. Nonetheless, the likelihood that 550 widespread loci homoplasy in SSR allele size across populations has been maintained over the 551 temporal window since the introduction of I. purpurea to the US seems small. Hence, this 552 mutation-differential hypothesis is unlikely to be solely responsible for the differences observed. 553
In fact, a large proportion of genetic variation in current populations might, depending on 554 effective population size and generation time, precede the temporal window of many landscape 555 genetics studies. In this regard, the greater number of SNP loci translates into a better genomic 556 representation. Since different genomic regions reflect different coalescent histories (Nielsen & 557 Slatkin, 2013 ), increased genomic coverage should better capture the range of processes 558 conditioning genetic patterns of populations and thus the combined effect of historical 559 demographic processes and current landscapes. It is then important to consider the relative 560 contribution of both processes: i) input from new mutations and ii) sorting of standing genetic 561 variation, rather than exclusively focus on mutation rates differences. Such sorting is expected to 562 be specific to different genomic regions, which most likely contribute to the differences observed 563 between our SSR and SNP datasets. analyses presumably present an incomplete picture of the evolutionary processes driving current 576 patterns of genetic diversity (Wang & Bradburd, 2014) . Nonetheless, these approaches 577 undoubtedly offer a valuable hypothesis-generation framework about the possible role that 578 environmental setting plays in structuring genetic diversity against which the effect of other 579 demographic processes can be evaluated. Arguably, the integration of landscape genetics with 580 historical demographic reconstruction is key for robust population genetics inference since 581 disregarding the plausible effects of either current landscape processes or historical demographic 582 changes would impair the ability to understand species' complex responses to spatio-temporal 583 environmental variation. 584
585
In this context, considering the likely complex demographic dynamics of this introduced 586 agricultural weed, our results should be taken as a working hypothesis of the possible role of the 587 interaction between natural and anthropogenic landscapes in structuring I. purpurea populations. 588 Nonetheless, our analyses represent a step towards integrating traditional landscape genetics with 589 modern population genetics inference by taking advantage of recent analytical developments and 590 richer molecular datasets. On one hand, our analyses use novel methodological tools that i) 591 surpass the need of arbitrary landscape resistance assignment that make inferences sensitive to 592 Regardless, these findings call for future model-based inference that explicitly considers the 642 impact of human population density in conjunction with climate to further investigate the 643 evolutionary drivers of population structure in this noxious weed. 644
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